Abstract: Aerosols significantly affect carbon dioxide (CO 2 ) retrieval accuracy and precision by modifying the light path. Hyperspectral measurements in the near infrared and shortwave infrared (NIR/SWIR) bands from the generation of new greenhouse gas satellites (e.g., the Chinese Global Carbon Dioxide Monitoring Scientific Experimental Satellite, TanSat) contain aerosol information for correction of scattering effects in the retrieval. Herein, a new approach is proposed for optimizing the aerosol model used in the TanSat CO 2 retrieval algorithm to reduce CO 2 uncertainties associated with aerosols. The weighting functions of hyperspectral observations with respect to elements in the state vector are simulated by a forward radiative transfer model. Using the optimal estimation method (OEM), the information content and each component of the CO 2 column-averaged dry-air mole fraction (XCO 2 ) retrieval errors from the TanSat simulations are calculated for typical aerosols which are described by Aerosol Robotic Network (AERONET) inversion products at selected sites based on the a priori and measurement assumptions. The results indicate that the size distribution parameters (r eff , v eff ), real refractive index coefficient of fine mode (a r f ) and fine mode fraction (fmf) dominate the interference errors, with each causing 0.2-0.8 ppm of XCO 2 errors. Given that only 4-7 degrees of freedom for signal (DFS) of aerosols can be obtained simultaneously and CO 2 information decreases as more aerosol parameters are retrieved, four to seven aerosol parameters are suggested as the most appropriate for inclusion in CO 2 retrieval. Focusing on only aerosol-induced XCO 2 errors, forward model parameter errors, rather than interference errors, are dominant. A comparison of these errors across different aerosol parameter combination groups reveals that fewer aerosol-induced XCO 2 errors are found when retrieving seven aerosol parameters. Therefore, the model selected as the optimal aerosol model includes aerosol optical depth (AOD), peak height of aerosol profile (H p ), width of aerosol profile (H w ), effective variance of fine mode aerosol (v eff f ), effective radius of coarse mode aerosol (r eff c ), coefficient a of the real part of the refractive index for the fine mode and coarse mode (a r f and a r c ), with the lowest error of less than 1.7 ppm for all aerosol and surface types. For marine aerosols, only five parameters (AOD, H p , H w , r eff c and a r c ) are recommended for the low aerosol information. This optimal aerosol model therefore offers a theoretical foundation for improving CO 2 retrieval precision from real TanSat observations in the future.
information and the impact of aerosols on XCO 2 retrieval errors for different aerosol models are evaluated in Section 5. Based on these analyses, the aerosol property combination groups appropriate for the synchronous retrieval of CO 2 are selected, and the aerosol-induced XCO 2 errors are minimized, while large amounts of CO 2 information remain available. The discussions about several limits and more scenarios of this study are shown in Section 7. Finally, the concluding section summarizes the new approach and explores the possible applications of this approach to future CO 2 retrievals.
Methodology
This research is underpinned by Rodgers' optimal estimation theory [32] . The x is used as the state vector consisting of n elements (such as the CO 2 profile) to be retrieved from an observation vector y, which contains m measurements (such as the hyperspectrum of the CO 2 band); then, y and x can be related as follows:
where the forward model F describes the physical processes that link the measurements to the atmospheric components. ε represents the errors from both the observation process and the forward model. The purpose of retrieval is to resolve the state vector x from the satellite measurement vector y.
The retrieved state vectorx with the maximum the a posteriori probability can be obtained by making the simulations (F(x)) closer and closer to the measurements (y) in iteration loops based on Bayes' theorem. This full physical inversion algorithm has been applied to various greenhouse gas and aerosol retrievals, both from space and the ground [5, 18, 30, 33] . In this study instead of conducting any real retrieval process, such as simulation retrieval, we simply apply information content and linear error analysis, which was introduced by Rodgers [32] .
Optimal Estimation Theory
Following the definition provided by [32] , S a is the error covariance matrix for the a priori state vector, x a , S ε is the measurement error covariance matrix, and K is the weighting function matrix or Jacobian matrix, comprised of the partial derivative of each forward model output with respect to each retrieved parameter, i.e., K i,j = ∂F i /∂x j (where K i,j represents the element in the ith row and the jth column in matrix K, F i is the ith simulated measurement, and x j is the jth element of the vector x). The Jacobians identify the sensitivity of observations to the retrieved parameters. The sensitivity of the retrieved state to the true state may be described by the averaging kernel matrix A, which is provided by the gain function G y :
Given S a , S ε and K, the gain function G y is specified as follows:
The trace of the matrix A represents the DFS (i.e., the number of independent pieces of information yielded by the measurements). The closer A is to the identity matrix, the closer to perfect a retrieval will be, which means that the retrieved state changes completely with the true state without any interference. The averaging kernel matrix or DFS has been used to study the information content of the retrieved elements for trace gases or aerosol remote sensing [33] [34] [35] [36] [37] [38] [39] . After assessing the averaging kernel matrix A based on the a priori and measure error assumptions, the elements in x with greater information, which could be better retrieved from satellite observations, are decided without the retrieval process. In this study, the traces of the elements in matrix A corresponding to the CO 2 profile and aerosol parameters are called CO 2 DFS and aerosol DFS, respectively. In addition to the information of each retrieved element, all the a posteriori error components from different sources could be estimated by this method, as described in the following subsection. 
Linear Error Analysis
For XCO 2 retrieval, the state vector x consists of the CO 2 profile u and non-CO 2 elements e, including the surface reflectance, water vapor, surface pressure and aerosol properties, which are retrieved simultaneously:
XCO 2 is defined as the retrieved CO 2 profile weighted by the pressure weighting function h, such that XCO 2 = h Tx . In fact, those elements of h corresponding to the non-CO 2 profile (ê) are zero. As shown in [16, 17] , the a posteriori error of XCO 2 results from a list of sources, including the a priori uncertainties of the CO 2 profile, interference of the non-CO 2 retrieved parameters, and inaccurate observation processes. Thus, the uncertainty in XCO 2 is expressed as follows:
Here, A uu and A ue are submatrices of A, denoting the CO 2 -only components, and components characterized by the relationship between the CO 2 profile u and non-CO 2 elements e, respectively. I is the identity matrix, and the subscript a represents the a priori uncertainty. The first term on the righthand side of Equation (5) is the smoothing error derived from the CO 2 profile uncertainty, and the second term represents the interference error caused by non-CO 2 components in the state vector. ε u includes all other errors. The corresponding covariance matrix for each error source can be specified as follows. The smoothing error covariance matrix is as follows:
S s = (A − I)S a (A − I)
T .
The interference error is calculated using the following:
where S ec describes the ensemble covariance for the non-CO 2 elements, which is not necessarily equal to the a priori error, S a . If considering the error in XCO 2 due to each state vector element (σ XCO2e ), the expression is as follows:
where σ j is the a priori uncertainty (or the square root of S ec for non-CO 2 elements) of each state vector element. The first q elements represent uncertainties related to the CO 2 profile (i.e., the smoothing errors) while the others are the interference error components. Two further errors include measurement noise and the forward model parameter uncertainties, which are not retrieved in the state vector. For measurement errors, the covariance matrixŜ m is described by the following:Ŝ
where S ε is an estimation of the actual measurement errors. In our study, we only considered the measurement noise based on the instrument signal-to-noise ratio (SNR) and the simulated spectra of TanSat. Based on the errors of the forward model parameter S b and the Jacobians with respect to parameter K b , we specified the forward model parameter error covariance as follows:
In fact, in some studies, the a posteriori error only includes the first three errors noted above. The forward model and all the parameter inputs are as accurate as they can be; otherwise, we could improve the forward model. However, for our research regarding aerosol effects, if all the parameters Remote Sens. 2019, 11, 1061 6 of 29 in the aerosol model are not retrieved with CO 2 , the uncertainties of those nonretrieved parameters should be considered in the XCO 2 retrieval error. Thus, the forward model parameter error related to the nonretrieved aerosol parameter uncertainties is also included in our analysis. The errors in other aerosol parameters, retrieved synchronously with CO 2 , are components of the interference error. Finally, the total covariance matrix is the sum of each component:
The a posteriori error variance in XCO 2 is σ 2
XCO2
= h TŜ h, and the corresponding error variance due to each error source can also be calculated in the same way by replacingŜ with another covariance matrix, such as the XCO 2 interference error σ i , which is estimated by σ 2 i = h TŜ i h. In other words, the XCO 2 a posteriori error σ XCO2 is the sum of σ s , σ i , σ m and σ f . Generally, when focusing on the XCO 2 error due to aerosol parameters, those components related to aerosol parameters, both in the interference error and the forward model parameter error, are evaluated and compared among different aerosol models.
From the hyperspectra and Jacobians in the O 2 -A band, and two CO 2 NIR absorption bands of the TanSat, which is simulated by a vector linearized discrete ordinate radiative transfer model (VLIDORT), the DFS values of both CO 2 and aerosol properties in the state vector are calculated. After quantifying 4 components of the XCO 2 retrieval errors, errors related to aerosol parameter uncertainties were brought into focus. When the aerosol model in the CO 2 retrieval algorithm is altered, the corresponding DFS and retrieval errors differ, particularly those associated with aerosol properties. Accordingly, we sought to identify the ensemble of aerosol parameters in the aerosol model that yielded the largest amount of CO 2 information with the fewest aerosol-induced XCO 2 errors. Considering the complex aerosol mixtures, four aerosol scenarios were compared according to different solar zenith angles (SZAs). In adopting this new approach, the aerosol model is optimized to minimize the interference of aerosols in XCO 2 retrieval and could be applied to future retrievals from real data.
TanSat Simulations and Retrieval Assumptions
The application of the theory introduced in the preceding section initially requires measurement and state vector definitions, as well as the error covariance matrices. Based on the characteristics of the ACGS onboard TanSat, we used a forward model to simulate the ACGS spectra in three NIR bands and their Jacobians with respect to each element in the state vector. For the TanSat, there are three observation modes with different goals: nadir mode viewing nadir target, which is used for over-land observations; sun-glint mode, which looks at the sun glint to obtain more reflected radiance over the water body with low surface reflectance; and target mode, which is aimed at single point observations with different angles. In this research, we only focus on CO 2 retrieval in nadir mode over land, so the satellite viewing zenith angle (VZA) is maintained at 0 • (nadir), and the scattering angle varies from only several SZAs. In this section, we briefly describe the instrument characteristics and the forward model, particularly the details of the aerosol models. Subsequently, the necessary assumptions regarding the a priori and measurement error covariance matrices are presented.
Simulation Input
The forward model used to simulate the TanSat observations consisted of a linearized single-scattering code for spherical particles, a radiative transfer model called VLIDORT that can compute analytical weighting functions [40] , and a surface model calculating bidirectional reflectance distribution function (BRDF), as well as modules computing the molecular Rayleigh scattering and trace gas absorption. A similar model was used in the GOSAT and TanSat CO 2 retrieval algorithms [5, 30, 41] . Before conducting a simulation using the forward model, some necessary inputs related to the instrument characteristics, atmospheric states, surface and aerosol types, and observation geometry must be understood. After inputting these parameters, the Stokes vector and their Jacobians with Remote Sens. 2019, 11, 1061 7 of 29 respect to each retrieved parameter (K ij ), were computed, based on the radiative transfer equation from the forward model.
For the TanSat, the hyperspectral instrument ACGS measures spectra in three bands: the O 2 -A band, the CO 2 weak absorption band, and the strong NIR absorption band (hereafter expressed as the 1CO 2 and 2CO 2 bands). The key characteristics of ACGS are presented in Table 1 . The spectral resolution defined by the full width at half maximum (FWHM) and an instrument model are necessary for simulating the spectrum detected by the instrument. After the line-by-line radiative transfer calculations are completed, the original spectrum is convoluted by a Gaussian instrument line shape described by FWHM. The atmospheric temperature, pressure, water vapor and trace gases profiles originate from the US standard atmosphere profile of AFGL (1980). The CO 2 profile is scaled by a factor based on the near real-time CO 2 data from the global CarbonTracker model [42] , which also serves as the a priori profile. For surface reflectance, we selected the BRDF model of the Moderate Resolution Imaging Spectroradiometer (MODIS) [43, 44] for typical land surfaces, including vegetation and bare soil, instead of Lambertian albedo without angular dependence. As shown in previous studies [45] , most land surfaces could be regarded by a fraction as a linear combination of vegetation and soil. Therefore, we believe the experiments over these two surface types are adequate for our research over land. The three Ross-Li kernels in the MODIS BRDF describe the isotropic, volumetric, and geometric-optical surface scatterings [46, 47] . For our study, we selected one grid from the MODIS observations of vegetation or soil as an example. The coefficients of each kernel were derived from MODIS products and extrapolated to the center wavelength of each ACGS band, on the assumption that surface reflectance underwent little change in each band (Table 2) , which is similar to the CAPI research that we have previously conducted [20] . The corresponding surface reflectivities implied by the BRDF model evaluated in the direct beam, sun-surface-satellite geometries are shown in the Supplemental Material ( Figure S5 ). In the simulations, aerosol particles were assumed to be spherical with a bimodal lognormal particle size distribution (PSD) function, characterized by effective radius r eff and effective variance v eff for both fine and coarse modes [34, 48, 49] . To describe aerosol composition, the complex refractive indices for both aerosol modes are required in addition to the PSD parameters. A Gaussian shape is assumed for the aerosol extinction profile, which is described by peak height and width at the aerosol extinction half maximum [39, 50] . Because human activities near the surface are the main sources of heavy haze or air pollution and under these circumstances CO 2 retrieval is significantly affected, our focus in this study is on tropospheric aerosols with low peak heights. Although stratospheric aerosols could also result in CO 2 retrieval uncertainties, as OCO-2 studies have shown [19] , most are related to less frequent volcanic eruption or smaller AODs.
Considering the various emission sources and mixtures of aerosol particles that exist, several typical aerosol types with different microphysical properties were simulated and compared. Based on work by Dubovik [51] , multiyear, global data from the Aerosol Robotic Network (AERONET) of ground-based observations were used to represent distinct aerosol optical properties at key locations. Daily averaged inversion products from the last five years at similar AERONET sites used by Dubovik [51] were included to obtain the representative properties for four main aerosol types: urban-industrial (UI), biomass burning (BB), desert dust (DD) and marine aerosols (MA). According to the accuracy of individual AERONET retrievals, a decrease in aerosol information content for low aerosol loading could result in significant uncertainties in refractive index retrievals. Therefore, only those products with AOD at 440 nm (AOD 440 ) larger than 0.4 for UI and BB aerosols, AOD at 1,020 nm (AOD 1020 ) larger than 0.3, and an Ångström exponent (between 440 and 870 nm) smaller than 0.6 for DD are involved in our analysis, similar to the AERONET products quality document. The variability of the screened aerosol column volume concentration (V f and V c ), r eff f and r eff c , and v eff f and v eff c , for fine and coarse particles at the center wavelength are presented in Figure 1 . Figure 2 shows the histograms of fitted m r and m i , assuming little variation in each band. In addition to the V f and V c , and r eff f and r eff c of the UI and BB aerosols, other parameters exhibit little relationship with the AOD. Consequently, the statistics of the aerosol properties, expressed as means ± standard deviation, or as a linear relationship with AOD, are presented in Table 3 , which is similar to Table 1 in the study by Dubovik [51] . Considering the AOD range for each aerosol type, we assumed 1.0 AOD 440 for UI and BB aerosols, 0.7 AOD 1020 for DD, and 0.15 AOD 1020 for MA in our simulations, and we input the corresponding microphysical parameters using the relationships presented in Table 3 . Aside from the microphysical properties, an aerosol extinction profile with a 2-km peak height was assumed for all aerosol types, indicating aerosol concentrations at the top of the boundary layer. Remote Sens. 2018, 10, x FOR PEER REVIEW 9 of 30 The model primarily simulates TanSat nadir viewing observations with a 0 • relative azimuth angle. To compare the dependence on the scattering angle, cases with SZAs from 20 • to 65 • were simulated. The corresponding Jacobians with respect to all parameters in the bimodal aerosol model were also output and presented in Figure 3 . The distinct patterns of the various aerosol parameters illustrate the sensitivities of the ACGS measurements to the aerosol properties, which indicateds that some aerosol properties are independent and their information may be obtained through observations. The correlation coefficient matrix of these aerosol parameters is calculated from the posteriori error covariance matrix, as shown in Figure S5 1 Most values are accompanied by a standard deviation following the symbol "±". The superscript f represents the parameter for fine mode and c represents that for coarse mode. 2 The numbers in brackets are the total numbers in the whole year, and those outside were collected over several months, following Dubovik [46] . 3 The numbers are those following filtering to guarantee the accuracy of aerosol refractive index retrieval, using the criteria referenced in the main text. 4 The m r and m i are at 768 nm, 1610 nm and 2060 nm, respectively, fitted by the products at four observed AERONET wavelengths, based on Equations (12) and (13). Three columns from left to right show different bands: O 2 A band, 1.6 µm CO 2 absorption band (1CO 2 ) and 2.06 µm CO 2 absorption band (2CO 2 ). Four colors represent four types of aerosols: UI, BB, DD and MA.
The State Vector Defination
The state vector x for CO 2 retrieval consists of the CO 2 mixing ratio profile (u) and non-CO 2 elements (e), including the H 2 O scaling factor, surface pressure, aerosol parameters, and surface BRDF factors. The H 2 O mixing ratio profile is scaled by a factor to describe the variation in the H 2 O column amount while ignoring changes in profile shape, as in Chen, Yang, Cai, Liu and Spurr [21] . Table 4 summarizes all possible elements included in the state vector, where the aerosol parameters were composed of the 14 parameters used in our previous analysis [20] and two further aerosol profile parameters. In fact, for different aerosol models, different parts of these aerosol parameters are chosen for the state vector, while the remainder serve as the forward model parameters. As is consistent with previous analyses, the wavelength dependence of the real and imaginary parts of the refractive index (m r , m i ) are also assumed to be exponent functions, following Dubovik and King [52] :
where the a r , b r , a i and b i values are the fitting coefficients and were included in the state vector. The derivations of the Jacobians were presented in a previous study [53] . The Jacobians of these coefficients, rather than the Jacobians of the refractive index, were involved in CO 2 retrieval.
The A Priori and Measurement Error Assumptions
In addition to the simulated spectra, error analysis requires characterization of the a priori error covariance matrix S a and the measurement error covariance matrix S ∈ . The a priori uncertainty of each retrieved parameter, described as a standard deviation (1σ), is summarized in Table 4 . To prevent any unreasonable perturbation of the retrieved CO 2 profile, we imposed smoothness constraints on the CO 2 profile via nonzero off-diagonal elements in the a priori error covariance matrix, S a CO2 . The square roots of the diagonal elements of S a CO2 from the surface to the top of atmosphere (TOA) are presented in Table 4 and expressed as a vector σ aCO2 . Figure 4 presents the correlation coefficient matrix (R) of the CO 2 concentrations in 15 layers, similar to [18] . In other words, S a CO2 is calculated by Rσ aCO2 σ aCO2 T .
Overall, the total a priori uncertainty of XCO 2 is scaled to approximately 5.6 ppm. The a priori error of water vapor column concentration is assumed to be 50% to describe its large uncertainty. The higher accuracy of the surface pressure results in a smaller uncertainty. While the a priori uncertainties of AOD, aerosol profile parameters, and fine mode fraction (fmf) (100%) for different aerosol types were assumed to be equivalent, and the standard deviation of the inversion products from four AERONET sites (Table 4) were used as the a priori uncertainties of the refractive index coefficients (a r , b r , a i and b i ) and PSD parameters (r eff and v eff ). Considering the crucial role of the Lambertian kernel in the three-kernel BRDF surface model, we only retrieved the BRDF coefficient for the Lambertian kernel at each band, and the a priori uncertainty was assumed to be 20%. Further analysis of the influences of different surface reflectances on aerosol interference are shown in the Supplemental section and not presented in the main text. Similar to the assumptions in Dubovik, et al. [54] , Xu and Wang [33] and Chen, Wang, Liu, Xu, Cai, Yang, Yan and Feng [20] , we believe that the a priori errors for non-CO 2 retrieved parameters are independent from one another, so S a CO2 is defined as a diagonal matrix. Combined with S a CO2 , which is defined in Table 4 and Figure 4 , the total a priori error covariance matrix S a may be expressed as follows:
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The corresponding SNR could be interpolated from the SNR curves provided by the experiments conducted in the laboratory (SNR curves for all bands are shown in the Supplement). Similarly, measurement noise was also assumed to be noncorrelated, so the error covariance matrix S ε is a diagonal matrix with the square of noise as the diagonal elements.
Aerosol Parameters in CO 2 Retrieval
Based on the method detailed in Section 2 and the assumptions presented in Section 3, the information of aerosol parameters described as DFS and their resulting XCO 2 retrieval errors were calculated. In this section, we first include all 16 parameters of the aerosol model in the state vector of CO 2 retrieval, and therefore, the aerosol property uncertainties only resulted in interference errors rather than in forward model parameter errors for XCO 2 . The interference errors caused by each aerosol parameter were estimated and compared. In addition to the XCO 2 error analysis, we also considered how many independent aerosol parameters may be retrieved simultaneously with CO 2 . To address this question, the DFS of all aerosol parameters for the four aerosol types and different SZAs were calculated. As a result, the aerosol parameters with significant information from the TanSat observations were selected. This conclusion is also available concerning the aerosol model parameters that result in greater errors in the XCO 2 retrieval.
Aerosol-Induced XCO 2 Retrieval Errors
The interference errors in XCO 2 for each aerosol parameter of the four aerosol types (calculated by Equation (8)) are presented in Figure 5a . These errors from different aerosol parameters range from less than 0.1 to 0.8 ppm. Overall, the interference errors due to r eff and v eff for both fine and coarse modes, as well as fmf and a r for fine mode, exceed those for the other parameters, reaching 0.2 ppm or more at 20 • SZA. Because of the dominance of large particles, the coarse mode PSD parameters of DD result in larger uncertainties than the fine particle parameters, while the opposite is the case for UI and BB aerosols, where smaller particles predominate. Regarding the refractive index coefficients, their interference errors were less than 0.2 ppm at 20 • SZA, and even less than 0.1 ppm for MA. These refractive index-related errors ranged from 0.1 to 0.2 ppm for DD aerosols, which was slightly more than for the other aerosol types. When the interference errors at different SZAs were compared, it was observed that at a smaller SZA, the errors from most aerosol parameters were larger. The reason for this is that more information is allocated to the CO 2 profile than to the aerosol properties for longer light paths at larger SZAs, so there is a reduction in the impact of the aerosol parameter uncertainties on XCO 2 retrieval (Equation (8)).
When the interference errors (σ i ) from all aerosol parameters are summed (σ 2 i = h TŜ i h), the aerosols will induce a 0.2 to 1.0 ppm error in the XCO 2 retrievals, depending on the aerosol type and the observation geometry (Figure 5b) . Comparison of the four aerosol types reveals that the UI, DD and BB aerosols have greater effects on XCO 2 retrieval due to their larger AODs, with an interference error of greater than 0.3 ppm. The MA only cause interference errors of 0.2 to 0.3 ppm, as MA has the lowest aerosol loading. When the SZA is increased, the interference of the aerosols with XCO 2 is weakened, except for MA, owing to the longer light paths. For DD, this pattern changes when the SZA is 65 • , which is related to the scattering phase matrix. Furthermore, for a soil surface with a larger reflectance, the interference errors in XCO 2 caused by aerosol parameters are slightly smaller ( Figure S2 in the Supplement), indicating that aerosol scattering has a larger impact due to a lower reflected radiation signal from the satellite. When the interference errors ( ) from all aerosol parameters are summed ( = ), the aerosols will induce a 0.2 to 1.0 ppm error in the XCO2 retrievals, depending on the aerosol type and the observation geometry (Figure 5b) . Comparison of the four aerosol types reveals that the UI, DD and BB aerosols have greater effects on XCO2 retrieval due to their larger AODs, with an interference error of greater than 0.3 ppm. The MA only cause interference errors of 0.2 to 0.3 ppm, as MA has the In summary, the aerosol parameter uncertainties constitute a significant component of XCO 2 retrieval uncertainty, depending on the aerosol type and observation geometry, or the scattering phase matrix in different scattering angles. This finding presents a challenge that must be overcome before XCO 2 retrieval precision can be improved.
Aerosol Information
Although all 16 aerosol parameters were included in the CO 2 retrieval for our analysis, it is possible that TanSat NIR hyperspectral measurements only contain sufficient information for certain aspects of these parameters. Therefore, we verify the DFS of each aerosol parameter in the CO 2 retrieval shown in Figure 6 to determine the parameters that could be retrieved simultaneously with CO 2 . The total DFS of the aerosol parameters for the UI, BB, and DD is six to seven, indicating that around six or seven independent aerosol parameters may be retrieved together with CO 2 . For MA, only four to five retrievable aerosol parameters exist. A comparison of the DFS among the aerosol parameters reveals that the DFSs of the AOD, H p , and H w (i.e., the first three) are large (mostly close to 1.0) for all aerosol types at any viewing geometry, while the information concerning the other parameters varies significantly according to aerosol type and observation geometry. In any case, it appears that AOD, H p , and H w can be retrieved from the ACGS hyperspectral observations. Additionally, the aerosol DFS over soil only has a 0.1-0.2 difference from that of a vegetation surface. There is almost no distinction in the decision of how much aerosol parameter information could be derived from satellite measurements over different surface types. Therefore, the figures over soil are not shown in the main text, but are provided in the Supplementary Materials.
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In summary, the aerosol parameter uncertainties constitute a significant component of XCO2 retrieval uncertainty, depending on the aerosol type and observation geometry, or the scattering phase matrix in different scattering angles. This finding presents a challenge that must be overcome before XCO2 retrieval precision can be improved.
Although all 16 aerosol parameters were included in the CO2 retrieval for our analysis, it is possible that TanSat NIR hyperspectral measurements only contain sufficient information for certain aspects of these parameters. Therefore, we verify the DFS of each aerosol parameter in the CO2 retrieval shown in Figure 6 to determine the parameters that could be retrieved simultaneously with CO2. The total DFS of the aerosol parameters for the UI, BB, and DD is six to seven, indicating that around six or seven independent aerosol parameters may be retrieved together with CO2. For MA, only four to five retrievable aerosol parameters exist. A comparison of the DFS among the aerosol parameters reveals that the DFSs of the AOD, Hp, and Hw (i.e., the first three) are large (mostly close to 1.0) for all aerosol types at any viewing geometry, while the information concerning the other parameters varies significantly according to aerosol type and observation geometry. In any case, it appears that AOD, Hp, and Hw can be retrieved from the ACGS hyperspectral observations. Additionally, the aerosol DFS over soil only has a 0.1-0.2 difference from that of a vegetation surface. There is almost no distinction in the decision of how much aerosol parameter information could be derived from satellite measurements over different surface types. Therefore, the figures over soil are not shown in the main text, but are provided in the Supplementary Materials. Overall, four to seven pieces of independent aerosol information could be retrieved from the TanSat observations for the different aerosol types. In other words, the simultaneous retrieval of four to seven aerosol parameters during CO 2 retrieval is more reasonable than retrieving all 16 aerosol parameters. If the aerosol parameters in the CO 2 retrieval state vector are combined in different ways, the induced interference errors may also change; additionally, the forward model parameter errors from the nonretrieved aerosol parameters should be considered. Therefore, even though the number of retrievable aerosol parameters is determined, the requirement to select and retrieve four to seven aerosol parameters simultaneously is also a significant problem. The impact of changing the aerosol models used in the XCO 2 retrieval is analyzed in the next section.
The Impact of Different Aerosol Models
As stated in the previous section, the retrieval of different parameters for the aerosol model will affect XCO 2 retrieval, which can be quantified as the CO 2 information and the aerosol-induced retrieval errors in the XCO 2 . In this section, the CO 2 information is first estimated for the synchronous retrieval of different aerosol models with different parameters. Furthermore, all components of the XCO 2 retrieval error, including the smoothing, measurement, interference, and forward model parameter errors (as in Section 2.2), are discussed when the aerosol parameters included in the state vector change. To underline the errors caused by aerosols, the interference errors and forward model parameter errors associated with the aerosol parameters are compared among the different retrieval scenarios. Finally, the guiding principle for optimizing the aerosol model for correction of the aerosol effects on XCO 2 retrieval is determined.
DFS of CO 2
Based on the theory and equations set out in Section 2, the averaging kernel matrix A of CO 2 retrieval is calculated. The diagonal elements of A correspond to the DFS of each parameter in the state vector; then, those elements related to the CO 2 profile are summarized as CO 2 DFS. The dependence of CO 2 DFS on the number of aerosol parameters to be retrieved is shown in Figure 7 for the different aerosol types. When the number of aerosol parameters to be retrieved is fixed, various combination groups of parameters are available. Each whisker-box in Figure 7 represents the statistical distribution of DFS for all groups, with a constant number of retrieved aerosol parameters. Figure 7 shows that the DFS of CO2 ranges from 1.4 to 1.9 when different aerosol parameters are retrieved, suggesting that fewer than two CO2 profiles could be retrieved. A comparison of the four aerosol types reveals that the CO2 DFS for DD was the largest, at 1.6-1.9 DFS, while slightly less CO2 DFS for UI and BB shows the scramble for more aerosol DFS due to the larger AOD. As the number of aerosol parameters involved in the CO2 retrieval changes from 1 to 16, the mean CO2 DFS decreases, especially in the case of DD with a reduction of approximately 0.3 DFS. In contrast, the CO2 DFS for MA is only slightly reduced, by approximately 0.1. Because the range of the CO2 DFS expands when there are more aerosol parameter combination groups with the same number of parameters, careful consideration must be given to the selection of parameters. In conclusion, if more aerosol parameters are added during the retrieval, the CO2 information will decrease to the detriment of the XCO2 retrieval. Therefore, in combination with the aerosol information analysis presented in Section 4.2, it is more appropriate for the CO2 retrieval to be limited to four to seven simultaneous aerosol parameters. The question of which aerosol parameters are most appropriate for retrieval will be discussed in the following section.
Components of XCO2 Retrieval Errors
To assess the impact of different aerosol combination groups while maintaining a constant number of parameters, all components of the XCO2 retrieval error are compared in Figure 8 ; the number of aerosol parameters to be retrieved varied from four to seven, which was in accordance with the findings above. Each subfigure illustrates the distribution of the errors for all retrieved aerosol parameter combination groups. Both the forward model parameter error and the interference error are assumed to be aerosol-related only. (q3) percentiles, respectively. The whiskers extend from q3+4×(q3−q1) to q1−4×(q3−q1), and the remaining data extending this range are plotted as outliers using the '+' symbol. Figure 7 shows that the DFS of CO 2 ranges from 1.4 to 1.9 when different aerosol parameters are retrieved, suggesting that fewer than two CO 2 profiles could be retrieved. A comparison of the four aerosol types reveals that the CO 2 DFS for DD was the largest, at 1.6-1.9 DFS, while slightly less CO 2 DFS for UI and BB shows the scramble for more aerosol DFS due to the larger AOD. As the number of aerosol parameters involved in the CO 2 retrieval changes from 1 to 16, the mean CO 2 DFS decreases, especially in the case of DD with a reduction of approximately 0.3 DFS. In contrast, the CO 2 DFS for MA is only slightly reduced, by approximately 0.1. Because the range of the CO 2 DFS expands when there are more aerosol parameter combination groups with the same number of parameters, careful consideration must be given to the selection of parameters. In conclusion, if more aerosol parameters are added during the retrieval, the CO 2 information will decrease to the detriment of the XCO 2 retrieval. Therefore, in combination with the aerosol information analysis presented in Section 4.2, it is more appropriate for the CO 2 retrieval to be limited to four to seven simultaneous aerosol parameters. The question of which aerosol parameters are most appropriate for retrieval will be discussed in the following section.
Components of XCO 2 Retrieval Errors
To assess the impact of different aerosol combination groups while maintaining a constant number of parameters, all components of the XCO 2 retrieval error are compared in Figure 8 ; the number of aerosol parameters to be retrieved varied from four to seven, which was in accordance with the findings above. Each subfigure illustrates the distribution of the errors for all retrieved aerosol parameter combination groups. Both the forward model parameter error and the interference error are assumed to be aerosol-related only. Generally, the smoothing, measurement, and interference errors fall within a similar range that is smaller than the forward model parameter error. Although the total number of possible aerosol combination groups (shown in Figure 8 ) increases as the number of retrieved aerosol parameters changes from four to seven, there is a greater fraction of groups with larger smoothing, measurement and interference errors. In contrast, the number of groups increases similarly in all error bins in terms of the forward model parameter error, due to the larger error range.
When the number of retrieved aerosol parameters is held constant among the different aerosol parameter combination groups, most show smaller errors, particularly in the case of MA. In contrast, in the DD case, more group errors are close to the median, especially for the forward model parameter error (Figure 8i-l) . On average, all error types are smaller for MA than for other aerosol types, owing to the low AOD. For UI and BB aerosols, the errors are slightly larger, while in the DD case, more groups have larger forward model parameter errors. That is, the distribution of the CO 2 forward model parameter error for DD is more uniform. The distinction of the forward model parameter errors between different aerosol parameter combination groups is more pronounced than other error components (Figure 8i-l) . Additionally, the interference errors exhibit significantly more differences in response to changes in the retrieved aerosol parameters than other errors, especially when more parameters are retrieved (Figure 8p) . Overall, the distribution of the interference error changes the most when the number of retrieved aerosol parameters increases.
We also identified errors related to aerosol parameter uncertainties, i.e., the forward model parameter and interference errors, and compared these errors among the parameter combination groups (Figure 8q-t) . The interference error was always lower than 2 ppm, whereas the forward model parameter error ranged from less than 1 ppm to more than 12 ppm. The forward model parameter error always far exceeds the corresponding interference error, except in some cases when six or seven aerosol parameters are retrieved. Therefore, the total retrieval error of XCO 2 induced by aerosols depends primarily on the forward model parameter error. Although more cases show larger interference errors when retrieving more aerosol parameters, there remain more aerosol parameter combination groups with small forward model parameter errors. Thus, the retrieval of seven aerosol parameters is better for reducing the total XCO 2 retrieval error associated with aerosols (five for MA). Additionally, the forward model error exhibits a larger range for DD and UI than other aerosol types, indicating a greater impact on CO 2 retrieval.
In conclusion, the effect of DD on CO 2 retrieval exceeds that of other aerosol types. The stronger scattering of DD results in larger interference for CO 2 retrieval error. To reduce the aerosol effect on CO 2 retrieval, we sought to identify an aerosol model that would permit a large amount of CO 2 information while simultaneously minimizing the total XCO 2 errors generated from the aerosol parameters, which include both the forward model error and interference error. Considering that fewer aerosol-induced retrieval errors of XCO 2 occur in cases with more retrieved aerosol parameters, the retrieval of seven aerosol parameters is recommended for UI, BB and DD, but only five parameters are recommended for MA due to the lower amounts of aerosol information. When the number of aerosol parameters to be retrieved has been determined, the selection of different aerosol parameter combination groups depends on the comparison of the sum of the forward model parameter errors and the interference errors.
Optimization of the Aerosol Model
Considering the large amounts of AOD, H p , and H w information in all cases (Section 4.2), these three parameters were retrieved, and the other parameters remained to be determined. To derive the aerosol model with the most appropriate seven parameters for retrieval (five for MA), the forward model parameter and interference errors for the different aerosol parameter combination groups including AOD, H p , and H w were compared (Figure 9 ). Given the small range of CO 2 DFS in these groups (Figure 7 ), the XCO 2 retrieval error is used as the selection criteria. We sought to select those aerosol parameter groups with the lowest XCO 2 errors; thus, only the XCO 2 aerosol-induced errors under 4 ppm are presented in Figure 9 .
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Figure 9.
Comparison of interference and forward model parameter errors for different aerosol parameter groups in Figure 8 when the number of retrieved aerosol parameters is maintained at seven for UI, BB and DD aerosol, and five for MA, with the total errors from aerosol parameters being smaller than 4 ppm. The left column is for vegetation (a, c, e, and g) and the right column is for soil (b, d, f, and h). The four rows represent the four types of aerosols. The x-axis represents the index of different aerosol parameter groups and the numbers at the end of the x-axis are the total number of groups.
In Figure 9 , for vegetation, it can be seen that although the forward model parameter errors of most of the aerosol parameter combination groups exceed the corresponding interference errors (Figure 8q-t) , there are still some groups with errors that are close to the interference errors, particularly in the cases of UI and BB aerosols. However, with regard to DD and MA, the total XCO2 errors are dominated by the forward model parameter error in nearly all groups (Figure 9c-d) . The number of aerosol parameter combination groups showing lower total XCO2 aerosol-induced errors for DD is 207, which is significantly less than for the UI (n = 537) and BB (n = 515) aerosols. The total number of combination groups for MA is only 78, which is less than that for the other three aerosol types, due to only five aerosol parameters being retrieved. In other words, the aerosol-induced XCO2 errors of all MA groups are smaller than 4 ppm, and most of the errors are under 2 ppm. Additionally, the lowest error of DD combination groups is under 2 ppm, and those for UI and BB aerosols are close to 2 ppm.
Comparing two surface types, the aerosol-induced XCO2 errors over soil are apparently lower than those over vegetation for the BB, DD and MA aerosols at only half. Additionally, regarding the value of the total error, a greater number of groups with low errors is found over soil than over vegetation. However, for UI aerosol, most groups have similar XCO2 errors over soil as those over vegetation, which is approximately 1.5 to 3.5 ppm. Furthermore, for the soil surface, the number of groups with errors that are lower than 4 ppm is also less at only 407. Notably, the lowest XCO2 error over soil is lower than that over vegetation at only approximately 0.5 ppm (Figure 9a-b) . This finding means that for the UI aerosol over soil, the choice of the aerosol parameter combination group is more important for reducing the XCO2 error. For the other three aerosol types, the XCO2 errors over Figure 8 when the number of retrieved aerosol parameters is maintained at seven for UI, BB and DD aerosol, and five for MA, with the total errors from aerosol parameters being smaller than 4 ppm. The left column is for vegetation (a,c,e,g) and the right column is for soil (b,d,f,h). The four rows represent the four types of aerosols. The x-axis represents the index of different aerosol parameter groups and the numbers at the end of the x-axis are the total number of groups.
In Figure 9 , for vegetation, it can be seen that although the forward model parameter errors of most of the aerosol parameter combination groups exceed the corresponding interference errors (Figure 8q-t) , there are still some groups with errors that are close to the interference errors, particularly in the cases of UI and BB aerosols. However, with regard to DD and MA, the total XCO 2 errors are dominated by the forward model parameter error in nearly all groups (Figure 9c,d) . The number of aerosol parameter combination groups showing lower total XCO 2 aerosol-induced errors for DD is 207, which is significantly less than for the UI (n = 537) and BB (n = 515) aerosols. The total number of combination groups for MA is only 78, which is less than that for the other three aerosol types, due to only five aerosol parameters being retrieved. In other words, the aerosol-induced XCO 2 errors of all MA groups are smaller than 4 ppm, and most of the errors are under 2 ppm. Additionally, the lowest error of DD combination groups is under 2 ppm, and those for UI and BB aerosols are close to 2 ppm.
Comparing two surface types, the aerosol-induced XCO 2 errors over soil are apparently lower than those over vegetation for the BB, DD and MA aerosols at only half. Additionally, regarding the value of the total error, a greater number of groups with low errors is found over soil than over vegetation. However, for UI aerosol, most groups have similar XCO 2 errors over soil as those over vegetation, which is approximately 1.5 to 3.5 ppm. Furthermore, for the soil surface, the number of groups with errors that are lower than 4 ppm is also less at only 407. Notably, the lowest XCO 2 error over soil is lower than that over vegetation at only approximately 0.5 ppm (Figure 9a,b) . This finding means that for the UI aerosol over soil, the choice of the aerosol parameter combination group is more important for reducing the XCO 2 error. For the other three aerosol types, the XCO 2 errors over vegetation still serve as the main criteria for selecting aerosol groups that are suitable for all land surfaces.
As Figure 9 illustrates, we sought to select the aerosol parameter combination group with the lowest number of XCO 2 aerosol-induced errors for all aerosol types and all surface types. All of the aerosol parameter combination groups shown in Figure 9 were sorted from low to high by the total number of XCO 2 aerosol-induced errors for each aerosol type. The first combination group was chosen as the best aerosol model for the CO 2 retrieval algorithm. Table 5 summarizes the first few combination groups and their total aerosol-induced XCO 2 retrieval errors for all aerosol types and both surfaces. For MA, it would evidently be better to retrieve five aerosol parameters, namely, AOD, H p , H w , r eff c , a r c , for the CO 2 retrieval algorithms with an aerosol-induced XCO 2 error of less than 0.5 ppm. For the other three types of aerosols, three aerosol parameter combination groups with low errors were selected as Groups 1, 2, and 3 (Table 5 ). In these groups, six of the seven aerosol parameters were identical: AOD, H p , H w , r eff c , a r f and a r c ; this finding indicates that in addition to the AOD and the aerosol profile, the size parameter of the coarse aerosol and the real part parameter of the refractive index of both modes should also be retrieved. There was a little difference among the groups in the remaining aerosol parameters, which were fmf, size parameter of fine mode, and the other refractive index coefficient. In a comparison of the total aerosol-induced XCO 2 errors, the differences in UI and DD among Groups 1-3 were less than 0.1 ppm and more than 0.1 ppm for BB. Comparing different surface types, the errors over soil for the three groups are apparently smaller than those over vegetation except for UI. As we demonstrated in Figure 9 , the XCO 2 error caused by the UI aerosol over soil shows a larger difference to even more than 0.8 ppm among Groups 1-3 when the aerosol group changes. Despite the lower error of Group 2 for UI and DD over soil than Group 1, BB aerosol leads to greater XCO 2 uncertainty for the vegetation surface, whcih exceeds 2 ppm. Considering the generality, we recommend Group 1 as the optimal aerosol modelto maintain the aerosol-induced XCO 2 error below 1.7 ppm for all three aerosol types and both surface types. If additional information concerning aerosol size or optical properties are obtained prior to retrieval, such as from CAPI measurements or MODIS inversion products, so that DD may be distinguished from UI and BB, Group 4 is recommended. In this group, two different aerosol parameters, including the size and refractive index parameter, are selected for DD and the other two aerosol types, as shown in Table 5 . Consequently, the parameters pertaining to fine mode aerosols for UI and BB, such as b r f and v eff f , are replaced by similar parameters but of coarse mode for DD as the optimal model, which is mainly due to the large particle size of the DD aerosol. Accordingly, the total aerosol-induced XCO 2 errors are clearly reduced for DD and UI. Finally, AOD and two aerosol profile parameters (H p and H w ), as well as one particle size parameter (r eff c ) and one real part coefficient of refractive index (a r c ) for coarse particles are recommended for the CO 2 retrieval state vector for all aerosol types to minimize aerosol-induced errors. Owing to a larger amount of aerosol information for the other three aerosol types except MA, two more parameters of fine particles including size and real refractive index parameters (v eff f and a r f ) could also be retrieved.
If additional aerosol information can be obtained from other satellites or instruments to distinguish coarse dust aerosols, the optimal aerosol parameter combination for DD contains the size parameter and real refractive index coefficient for coarse mode (r eff c and b r c ) rather than fine particles (v eff f and b r f ) for the other three types. Under these circumstances, a further decrease is observed in the aerosol-induced XCO 2 retrieval errors for DD.
Discussions
In this paper, we only consider the mean aerosol loading with constant AOD for each aerosol type, according to the statistical analysis of AERONET inversion products. Would the change in AOD describing different air pollution levels for one aerosol type influence the optimal aerosol model selection for CO 2 retrieval? To address this issue, the information and a posteriori error are compared when AOD ranges from 0.1 to 2.0 at 440 nm ( Figure 10 ). The aerosol DFS becomes larger as the AOD increases, whereas there is a threshold of aerosol DFS. As soon as the aerosol DFS reaches the threshold, increasing the AOD could add little DFS (8.0 DFS in Figure 10f) . Generally, the change in the aerosol DFS caused by AOD variation is not more than 1.0 (Figure 10f) . Furthermore, comparing the DFSs of different aerosol parameters (Figure 10a-e) , each parameter has a larger DFS when the AOD increases, whereas those parameters with larger DFSs change little with AOD. Therefore, although, adding one more retrieved aerosol parameter is more appropriate in those cases with 1.0 more DFS, the optimal aerosol model in this study has already accounted for the most greatest amount of XCO 2 retrieval errors from aerosols. If the AOD is small and shows thin aerosol pollution, the interference of aerosol uncertainties for CO 2 retrieval does not require much focus. Considering the generality of the aerosol model, the variation in AOD would not interfere with the selection of the retrieved aerosol parameters group. Similarly, the aerosol vertical profile mainly affects the total aerosol DFS and the profile parameter information. Given that the height of the aerosol layer changes the absorption of O2, the measurements in the TanSat O2-A band always contain a large amount of information about aerosol profile parameters, no matter where the aerosol is concentrated. Different aerosol profiles have less impact on microphysical parameters information than different aerosol types and their interference errors in XCO2, meaning that not much attention to the aerosol profile is required when choosing the Similarly, the aerosol vertical profile mainly affects the total aerosol DFS and the profile parameter information. Given that the height of the aerosol layer changes the absorption of O 2 , the measurements in the TanSat O 2 -A band always contain a large amount of information about aerosol profile parameters, no matter where the aerosol is concentrated. Different aerosol profiles have less impact on microphysical parameters information than different aerosol types and their interference errors in XCO 2 , meaning that not much attention to the aerosol profile is required when choosing the optimal aerosol model. Considering the limited aerosol information contained in the spectra, an aerosol model with a fixed vertical distribution shape is used instead of retrieving aerosol loading at each layer, and thus, more information would be distributed to the microphysical parameters. In addition, this research focuses on TanSat nadir observations over land, which is assumed to be a combination of both soil and vegetation surfaces. There are still a few areas of land covered by snow or ice with higher reflectances, especially at high latitudes. Based on comparisons of vegetation and soil surfaces, uncertainties in XCO 2 caused by aerosols decrease as surface reflectance increases. Thus, over snow or ice, the interference from aerosols in CO 2 retrieval is so small that this interference would not affect our decision to use the optimal aerosol model. For some water surfaces on land with lower surface reflectance, the radiation reflected by the surface is so small that it is not used to retrieve CO 2 . Furthermore, only observations under clear sky are considered in this study, which is a simple assumption for real atmosphere. Based on the cloud contamination model involving cirrus, which has been implemented in the TanSat CO 2 retrieval algorithm, we do not consider complex situations involving thin clouds here.
With the methodology used in our study, we analyzed the information content in measured spectra and estimated the retrieval errors directly from the spectrum residual and the status of the measurements and atmosphere, without a practical retrieval process. Compared with previous studies [24, 55] , the aerosol DFS in our study is larger depending on our the a priori and measurement error assumption, as well as the fixed aerosol model. The sensitivities of the spectrum to the microphysical aerosol parameters included in this study show distinct patterns with CO 2 , also causing larger information of aerosol parameters. The strong constrain and low uncertainty of surface model is another reason for large aerosol DFS. Even though, we believe our research still caught the relationship between aerosol model and CO 2 retrieval. One the other hand, although this optimal estimation method has a limitation of an approximately linear assumption within the region bounded by its uncertainty, this method has been used in many studies related to trace gases and aerosol retrieval and has achieved a good performance in algorithm design and error analysis, and these previous studies include those of Hasekamp and Landgraf [34] , Connor et al. [17] , Martynenko et al. [36] , Frankenberg et al. [37] , and Connor et al. [16] . Similar to Connor et al. [16] , an additional kind of error, namely, the forward model parameter error, is added in our analysis to depict the distinction between the simulation and retrieval setup.
Conclusions
In this study, we have focused on optimizing the aerosol model for the CO 2 retrieval algorithm based on TanSat observations, which was in accordance with information estimation and error analysis. The hyperspectra of TanSat's three NIR bands, and the corresponding weighting functions with respect to the retrieved parameters, were simulated by a forward radiative transfer model, VLIDORT. Our simulations considered four types of aerosols, comprising fine and coarse particles with different microphysical properties over two types of land with different surface reflectance, vegetation and soil. These aerosol microphysical properties were obtained from the most recent five-year AERONET inversion products for several sites, similar to our previous study. The surface reflection was characterized by the Ross-Li BRDF model using MODIS products. The information content of the parameters retrieved from observations was represented by the DFS. The a posteriori error in XCO 2 was composed of four components, including the smoothing error, measurement error, forward model parameter error, and interference error, which could be calculated from the a priori assumptions by applying the optimal estimation theory. To reduce the effects of aerosols on CO 2 retrieval, the aerosol-related components of the XCO 2 retrieval error were given focus.
If all 16 aerosol parameters are retrieved synchronously with CO 2 information, two size distribution parameters for fine and coarse particles (r eff , v eff ), real refractive index coefficient of fine mode (a r f ) and fmf cause the largest interference errors in the XCO 2 , reaching 0.2-0.8 ppm. The total interference errors of all aerosol parameters range from 0.2 to 1.0 ppm and increase with smaller SZAs due to the shorter light path. MA parameters cause the fewest interference errors with no more than 0.3 ppm. The lower surface reflectance for vegetation indicates the larger impact of aerosols on XCO 2 retrieval. However, not all aerosol parameters could be retrieved from the TanSat hyperspectral observations, as there were only 4-7 DFSs serving as aerosol parameters over both surface types. When more aerosol parameters in the algorithm were simultaneously retrieved, the CO 2 information decreased with the lower DFS. The principle of optimization is to minimize the aerosol-induced XCO 2 error components while retaining a large amount of CO 2 information. Combined with the estimated aerosol information, retrieval of four to seven aerosol parameters is more reasonable. Of the four XCO 2 retrieval error components, the forward model parameter and interference errors are associated with uncertain aerosol parameters. Overall, aerosol-induced XCO 2 errors are dominated by the forward model parameter error rather than the interference error, due to the larger values of the former. When the number of retrieved aerosol parameters increases from four to seven, more aerosol parameter combination groups have fewer forward model parameter errors, despite hte CO 2 DFS decreasing slightly. Considering a greater reduction in the aerosol-induced XCO 2 error, seven aerosol parameters are deemed the most appropriate for XCO 2 retrieval. For MA, the number of retrieved aerosol parameters should be five because of the low amounts of aerosol information. The XCO 2 errors of different aerosol parameter combination groups vary, even when the number of retrieved aerosol parameters is constant. To minimize aerosol impact, the total aerosol-induced XCO 2 retrieval errors of different groups with seven retrieved aerosol parameters (five for MA) were compared and sorted from low to high. Ultimately, the aerosol parameter combination group with the lowest aerosol-induced XCO 2 errors was selected. Considering the feasibility and generality of the aerosol model for all aerosol types and land surface types, the aerosol parameters of AOD, H p , H w , v eff f , r eff c , a r f and a r c are recommended to be retrieved simultaneously with Overall, the retrieved aerosol parameters in the optimal aerosol model for CO 2 retrieval are determined with fewer aerosol-induced XCO 2 errors and still yield large amounts of CO 2 information. In the next step, the performance of this optimal aerosol model will be verified by running the actual CO 2 retrieval based on the IAPCAS algorithm structure from GOSAT, OCO-2 or TanSat observations. The methods and rules applied to optimize the aerosol model in this study may also be applicable to CO 2 retrieval from other satellites. This research forms a basis for enhancing the accuracy of high-precision CO 2 retrieval algorithms. The optimal aerosol model proposed here may be applied to future CO 2 retrievals based on realistic TanSat data.
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